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TL;DR:
To quantify human priors

over the structure of connections,

we overcame three main hurdles

Engaging human attention.

For experiments that essentially ask participants to be creative,

it is important to make the experiment engaging and streamlined.

Parameterizing the priors.

For “smooth” distributions over the space of graphs,

a good choice is to maximize entropy given

the density of subgraphs with ≤ r edges as constraints.

Summarizing the distributions.

To characterize and compare distributions over graphs,

graph cumulants are very intuitive.

Brains rely on efficient priors

Neural representations have adapted to efficiently encode

the relevant statistics of our environment.

Studying the corresponding priors has lead to foundational results

in neuroscience and artificial intelligence.

Just as visual priors “color” our perception...

Priors color our perception

(Graham & Field, 2009)
(Howe & Purves, 2004)

...might there be similar “illusions” with respect to
our priors over the structure of tasks?

Hofstadter’s Law: It always takes longer than you expect,
even when you take into account Hofstadter’s Law.

Motivation — Our brains rely on efficient priors 3/33

...might there be similar “illusions” that exploit our priors over connections?

We focus on social and navigation networks

Two domains that have been quotidian over evolutionary timescales...
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Spectral methods for the detection of network community structure: a comparative analysis

Figure 1. The network of the karate club studied by Zachary [35]. The real social
fission of this network is represented by two different shapes, circle and square.
Another meaningful partition is often found as the result of many community
detection methods. The corresponding four communities are differentiated by
colors.

Figure 2. The spectrum of the five considered matrices associated with the
Zachary’s karate club network, respectively being (a) the adjacency matrix, (b)
the standard Laplacian matrix, (c) the normalized Laplacian matrix, (d) the
modularity matrix and (e) the correlation matrix. For each matrix, the largest
eigengap is marked with an elbow line.

As illustrated by the previous example, the five matrices give rise to two different
resulting partitions as the community structure of the network. Actually these two
partitions correspond to two different topological scales of the network. Multiple scales
of topological description are a common phenomenon in real world networks [20, 26],
[36]–[40]. Actually, the multiscale community structure can be revealed by considering
more eigengaps besides the largest one between the eigenvalues of the aforementioned
five matrices. As an example, we illustrate the detection of the multiscale community
structure of the H13-4 network, which is constructed according to [24]. This network has
two predefined hierarchical levels. The first hierarchical level consists of 4 groups of 64
nodes and the second hierarchical level consists of 16 groups of 16 nodes. On average, each
node has 13 edges connecting to the nodes in the same group at the second hierarchical
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...and are naturally represented as graphs.

Distinguishing between social and navigation

When the model uses subgraphs with more than 3-4 edges...
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...generalization within a domain is notably better than across different domains.
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1. Brains Rely on Efficient Priors

Some block contents, followed by a diagram, followed by a dummy paragraph.

1b. iLLuSiONsPriors color our perception

(Graham & Field, 2009)
(Howe & Purves, 2004)

...might there be similar “illusions” with respect to
our priors over the structure of tasks?

Hofstadter’s Law: It always takes longer than you expect,
even when you take into account Hofstadter’s Law.

Motivation — Our brains rely on efficient priors 3/33

2. Tasks are Often Relational

Table 1. A combinatorial explosion.

nodes relations unique graphs unique representations
3 3 4 8
4 6 11 64
5 10 34 1024
6 15 156 32768
7 21 1044 2097152
8 28 12346 268435456
9 36 274668 68719476736
10 45 12005168 35184372088832
11 55 1018997864 3602879701896396
12 66 165091172592 73786976294838206464
13 78 50502031367952 302231454903657293676544
14 91 29054155657235488 2475880078570760549798248448
15 105 31426485969804308768 40564819207303340847894502572032

3. Overview of the Framework

The number of unique configurations of connections between n nodes grows superexponentially.
This poses several difficulties in quantifying human priors over such graphs:

engaging human attention in experiments that involve reasoning about such a large number
of possibilities;
properly sampling the space of graphs; and
meaningfully summarizing and comparing priors over such a high-dimensional space.

We now provide a brief overview of how our framework overcomes these challenges, expanding
on the details in the subsequent sections.

4. Experimental Design

Some block contents,

Screenshot

Figure 1. Screenshots of our main experimental interface for two cover stories: social class (left) and navigation
park (right).

5. Data Analysis

Some block contents, followed by a diagram, followed by a dummy paragraph.

A highlighted block

This block catches your eye, so important stuff should probably go here.

Fusce dapibus tellus vel tellus semper finibus. In consequat, nibh sed mattis luctus, augue
diam fermentum lectus.
In euismod erat metus non ex. Vestibulum luctus augue in mi condimentum, at sollicitudin
lorem viverra.
Suspendisse vulputate mauris vel placerat consectetur. Mauris semper, purus ac hendrerit
molestie, elit mi dignissim odio, in suscipit felis sapien vel ex.

Results b
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navigation social

Figure 2. Increasing the expressivity of the model for the priors reveals domain-specific traits.

Fusce aliquammagna velit

? 
? 

? 

3) Update graph 
based on 
the response
(t := t + 1)

0) Initialize
graph 
(t ≔ 1)

2) tth participant infers 
the obscured relations

Relational
MCMC with People

1) Obscure a fraction of
the pairwise relations,
show the remaining 
to the tth participant

Figure 3. Algorithm for generating a round of our experiment. The context of the experiment was given by one of
the four cover stories in table 2, and an interface allowed participants to easily manipulate the graphs. Each
participant did multiple rounds, corresponding to different chains.

Table 2. Content of the four cover stories of our experiments.
Participants were asked to infer the presence or absence of
obscured relations between pairs of nodes in a context.

domain context nodes relations

social
class students friendships

work coworkers friendships

navigation
city neighborhoods borders

park nature sites trails

Nam cursus consequat egestas

lalala

6. Results

class
work

park
city

number of nodes

ed
ge
de
ns
ity

class
workpark

city

number of nodes

sc
al
ed
ch
er
ry
cu
m
ul
an
t

class
workpark

city

number of nodessc
al
ed
tri
an
gl
e
cu
m
ul
an
t

A highlighted block containing somemath

A different kind of highlighted block.

Z Œ
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A heading inside a block

Praesent

7. Possible Sequels

Some block contents, followed by a diagram, followed by a dummy paragraph.
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An intuitive interface and engaging cover stories

domain context nodes relations

social
class students friendships

work coworkers friendships

navigation
city neighborhoods borders

park nature sites trails

We found it was helpful to have:

compelling cover stories,

carefully worded instructions,

and an interactive interface.

Sparsity, heterogeneity, and clustering
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Priors over larger graphs

have lower edge density.

Priors over smaller graphs

have fewer hubs.
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Graph cumulants are intuitive summary statistics

Mathematically analogous to the classical cumulants

(mean, variance, skew, kurtosis, etc)...
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...graph cumulants quantify “excess propensity” for a subgraph.

Maximum-entropy distributions for modelling priors

Given a set of subgraphs with prescribed subgraph densities ~µg,

the maximum-entropy distribution is of the form:

π
(
G
)

= ERn,1/2
(
G
)

× exp
∑

g

βgµg

(
G
)

A Bayesian agent with prior π, presented with a “partial graph” PGt
will sample a graph Gt from their posterior distribution:

p(Gt|PGt) =
p(PGt|Gt)π(Gt)∑
G p(PGt|G)π(G)

To find ~βg, we compute the log-likelihood of the data...

L(~β) =
∑

t

log
ERn,1/2

(
Gt

∣∣PGt

)
exp

{
~β · ~µ(Gt)

}
∑

G′∈Gn

ERn,1/2

(
G′
∣∣PGt

)
exp

{
~β · ~µ(G′)

}
...and apply Newton’s method until convergence.
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